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Introduction
Course timetabling is a multi-dimensional assignment problem in which students and faculty members are assigned to courses (or events), and courses are assigned to classrooms and timeslots. Course timetabling problems can be classified into two categories; post-enrollment and curriculum-based timetabling problems. The main difference is that the post-enrollment course timetabling problems concentrate on students' preferences' such as "a student should only have one course per day", while curriculum-based course timetabling focuses on lecturers' preferences such as "lecturer only wants their lectures in the morning". This area of research has long attracted the attention of the Operational Research and Artificial Intelligence communities. In addition, variations of the problem have been the subject of two competitions (http://www.metaheuristics.org and www.cs.qub.ac.uk/itc2007, McCollum et al. 2010 ). In the past, a wide variety of approaches for constructing course timetables have been described and discussed in the literature. Carter (1986) categorized these approaches into four types: sequential methods, cluster methods, constraint-based methods and generalized search. Petrovic and Burke (2004) added the following categories: hybrid evolutionary algorithms, meta-heuristics, multi-criteria approaches, case based reasoning techniques, hyper-heuristics and adaptive approaches.
In this paper, the discussion on the previous work on the course timetabling problem is divided into two prevalent groups i.e. (i) algorithms in solving enrollmentbased course timetabling problems and (ii) algorithms that are employed to tackle curriculum-based course timetabling problem. Full descriptions of the two types of problems are outlined in Sect. 2, highlighting the main differences between them.
Enrollment-based course timetabling problems
In 2002, the International Metaheuristic Network organized the First International Timetabling Competition (ITC2002). This used artificially generated enrollmentbased course timetabling problems which have become a standard within the research area, used within novel techniques being trialed by many researchers within their work. The details of these instances are available at http://www.idsia.ch/Files/ ttcomp2002.
Using the same data generator, Socha et al. (2002) introduced a further eleven course timetabling problem data sets, and applied local search and ant based approaches to the problem. Rossi-Doria et al. (2003) considered evolutionary algorithms for the same datasets and presented a comparison of a number of metaheuristic methods. introduced a tabu-based hyperheuristic and applied it to university course timetabling in addition to nurse rostering. Burke et al. (2007) employed tabu search within a graph based hyper-heuristic and applied it to both examination and course timetabling benchmark datasets with the aim of raising the level of generality by operating on different problem domains. Abdullah et al. (2005) developed a variable neighborhood search approach which used a fixed tabu list to penalize particular neighborhood structures. Abdullah et al. (2007a) applied a randomized iterative improvement approach using a composite of eleven neighborhood structures. Abdullah et al. (2007b) combined this with a mutation operator, introducing a hybrid approach to the problem. Asmuni et al. (2005) employed a fuzzy method to order three different heuristics. McMullan (2007) applied the extended great deluge algorithm to the datasets introduced by Socha et al. (2002) . Landa-Silva and Obit (2008) introduced non-linear great deluge which generates non-linear decay rate for three different categories of datasets. The combination of genetic algorithm and local search has been employed by Abdullah and Turabieh (2008) and is able to produce promising results on the same test instances.
Curriculum-based course timetabling problems
Curriculum-based course timetabling was first introduced in The 2nd International Timetabling Competition (ITC2007) by Gaspero et al. (2007) . ITC2007 consists of three tracks representing educational timetabling problems. Track 1 represents an examination timetabling problem; Track 2 represents a post-enrollment case study which focuses on students enrollment for courses; and Track 3 represents a curriculum-based course timetabling problem which focused on lecturers' preferences rather than students' preferences (as in Track 2). There are a number of papers available in the literature that focus on curriculum-based course timetabling. Müller (2007) applied a constraint-based solver to the curriculum-based course timetabling problems in the 2nd International Timetabling Competition, ITC2007 (Track 1 and Track 3) and achieved the first place in this competition. Lü and Hao (2010) applied a hybrid heuristic algorithm called Adaptive Tabu Search (ATS) to the same instances. Clark et al. (2008) applied repair-based heuristic search on Track 3 datasets in the ITC2007 timetabling competition. Geiger (2008) applied a stochastic neighborhood method based on threshold acceptance criteria to overcome the local optima to the same instances. Atsuta et al. (2007) applied the constraint satisfaction problem (CSP) which implemented a hybridization of tabu search and iterated local search algorithms to handle weighted constraints. This solver has been applied on Track 1, Track 2 and Track 3 in ITC2007.
De Cesco et al. (2008) applied a dynamic tabu search to curriculum-based course timetabling, a short term tabu exclusion with variable size tabu length, with dynamic weight adjustment for hard and soft constraints. Lach and Lübbecke (2008) applied an integer programming method on the same instances. Burke et al. (2009) introduced a new solver based on a hybrid metaheuristic to tackle scheduling problems. They applied it first on Udine data sets (based on Track 3 of ITC2007), achieving good solutions within a practical timeframe. Lü and Hao (2010) reported that the results obtained by Schaerf were from the employment of a tabu search with a relaxed stopping condition.
A survey of practical approaches to the problem, up to 1998, can be seen in Carter and Laporte (1996) . The following papers represent a comprehensive list of surveys and overviews on educational timetabling (which include issues related to university course timetabling) i.e. Bardadym (1996) , Burke and Petrovic (2002) , Burke et al. (1996 ), Carter (1986 , Petrovic and Burke (2004) , Schaerf (1999 ), de Werra (1985 and McCollum (2007) that discussed issues of bridging the gap between theory and practice in university timetabling.
The paper is organized as follows: The next section describes the post-enrollment and curriculum-based course timetabling problem. Section 3 describes our algorithm and its application to the course timetabling problem. Experimental results are discussed in Sect. 4. Some brief concluding comments are presented in Sect. 5.
Problem description

Problem A: post-enrollment-based course timetabling
The problem involves the assignment of lecture events to timeslots and rooms subject to a variety of hard and soft constraints. Hard constraints represent an absolute requirement. A timetable which satisfies the hard constraints is known as a feasible solution. The problem description that is employed in this paper is adapted from the description presented in Socha et al. (2002) and was the same as the description used in the first international timetabling competition (ITC2002). The following hard and soft constraints are presented:
• No student can be assigned to more than one course at the same time.
• The room should satisfy the features required by the course.
• The number of students attending the course should be less than or equal to the capacity of the room. • No more than one course is allowed in each room during each timeslot.
Soft constraints that are equally penalized are as follows:
• A student has a course scheduled in the last timeslot of the day.
• A student has more than 2 consecutive courses.
• A student has a single course on a day. The problem has:
The objective is to satisfy the hard constraints and to minimize the violation of the soft constraints. In real-world situations, it is usually impossible to satisfy all soft constraints, but minimizing the violations of soft constraints represents an increase in the quality of the solution.
The experiments for the standard course timetabling problem were tested on the benchmark course timetabling problems proposed by the Metaheuristics Network 1 that involve scheduling 100-400 events/courses into a timetable with 45 timeslots corresponding to 5 days of 9 hours each, whilst satisfying room features and room capacity constraints. In this work, we considered two cases of post-enrollment course timetabling problems i.e. (i) the first case was proposed by Socha et al. (2002) and (ii) the second case was proposed by the first international timetabling competition (ITC2002). Socha et al. (2002) datasets are divided into three categories: small, medium and large. We deal with 11 instances: 5 small, 5 medium and 1 large. The parameter values defining the categories are given in Table 1 . These parameters consists of number of events, rooms, features, students, maximum number of courses for each student, maximum number of students for each course, approximation (average) features for each room and percentage of features used in each category.
The first international timetabling competition (ITC2002) introduced 20 instances. The parameter values defining the categories are given in Table 2 .
Problem B: curriculum-based course timetabling
The curriculum-based course timetabling problem deals with the weekly assignment of a set of lectures for several university courses to specific timeslots and rooms, where conflicts between courses are set according to curricula published by the university and not on the basis of enrollment data. The curriculum-based course timetabling problem is considered as the third track in the 2nd International timetabling competition (ITC2007). The main reason for wide acceptance of this formulation is that it can represent real problems that often arise in real higher educational institutions. In this paper, we consider the same curricula-based course timetabling problem as described in Gaspero et al. (2007) that consist of the following entities: Days, Timeslots and Periods. We are given a number of teaching days in the week from 5 to 6.
• Each day is divided into a fixed number of timeslots, which is equal for all days.
• A period is a pair composed of a day and a timeslot. The product of the days and the timeslots represent the total number of periods. • Each course consists of a fixed number of lectures to be scheduled in distinct periods which is taught by a teacher and attended by a number of students. Each course has a minimum number of days within which the lecture for that particular course should be spread. There are some periods in which the course cannot be scheduled. • Each room has a capacity and location. Capacity is represented in terms of available seats. Location is represented as an integer value corresponding to a separate building. Some rooms are not suitable for some courses due a lack of required equipment. • A curriculum represents a group of courses such that any pair of courses in the group has students in common. Based on curricula, we have the conflicts between courses and other soft constraints.
The solution of the problem is an assignment of a period (day and timeslot) and a room to all lectures of each course. The following hard and soft constraints are presented:
Hard constraint
There are four hard constraints considered in this paper as in Gaspero et al. (2007) :
H1: Lectures: All lectures of a course must be scheduled, and assigned to distinct periods. A violation occurs if a lecture is not scheduled or two lectures within a course are scheduled in the same period. H2: Conflicts: All lectures of courses in the same curriculum or taught by the same teacher must be scheduled in different periods. Two conflicting lectures in the same period represent one violation. Three conflicting lectures count as 3 violations: one for each pair. H3: Availability: If the teacher of the course is not available to teach that course at a given period, then no lecture of the course can be scheduled at that period. Each lecture scheduled in a period unavailable to that course is one violation. H4: Room Occupation: Two lectures cannot be assigned to the same room at the same period. Two lectures in the same room at the same period represent one violation. Any extra lecture in the same period and room counts as one more violation.
Soft Constraint
The soft constraints are also taken from Gaspero et al. (2007) : S1: Room Capacity: The number of students that attend the course for each lecture must be less than or equal to the number of seats of the rooms hosting its lectures. Each student above the capacity counts as 1 violation. S2: Minimum Working Days: The lectures of each course must be spread over the given minimum number of days. Each day below the minimum, counts as 1 violation. S3: Isolated Lectures: Lectures belonging to a curriculum should be adjacent to each other (i.e., in consecutive periods). For a given curriculum we account for a violation every time there is one lecture not adjacent to any other lecture within the same day. Each isolated lecture in a curriculum counts as 1 violation. S4: Room stability. All lectures of a course should be delivered in the same room.
Each distinct room used for the lectures counts as 1 violation.
The experiments for the curriculum-based course timetabling problem discussed in this paper were tested on the twenty one real-world instances provided by the University of Udine. The main features of the instances used are given in Table 3 . The details of all instances can be found in http://tabu.diegm.uniud.it/ctt/index.php.
3 The algorithm
Hybrid construction heuristic
A construction algorithm proposed by Chiarandini et al. (2006) and Landa-Silva and Obit (2008) is used to generate large populations of random initial solutions. The construction algorithm consists of three phases as presented in pseudo code form in Fig. 1 . We called this construction a hybrid constructive algorithm. This approach was chosen in particular because it was able to produce feasible solutions for all datasets due to the combination of the strength from three phases involved (see Landa-Silva and Obit 2008).
Phase 1: Largest degree heuristic
In this phase, we start with an empty timetable. The courses with the largest number of conflicts are scheduled first. All courses are scheduled by randomly selecting the timeslot and the room that satisfy the hard constraints. If the course cannot be scheduled to a specific room, then it will be inserted in any randomly selected room.
In some cases, a feasible timetable is obtained by only employing Phase 1, in which case Phase 2 and Phase 3 are not required. However, feasibility from this Phase is not guaranteed, and Phase 2 and Phase 3 are then employed until feasibility has been achieved.
Phase 2: Neighborhood search
Two neighborhood moves are employed in order to reduce the violations of hard constraints i.e.:
Nbs1: Select a course at random and move to another random feasible timeslot-room. Nbs2: Select two courses randomly and swap their timeslots and rooms while ensuring feasibility is maintained.
The process stops if there is no improvement on the current timetable after 20 iterations. Here we stop after 20 iterations because we want to give more time for Phase 2 to successfully reach feasible solutions. Note that in Chiarandini et al. (2006) and Landa-Silva and Obit (2008), the process will stop after 10 non improving iterations.
Phase 3: Tabu search
This phase is implemented if the second phase is still not able to generate feasible solutions. Similar neighborhood structures (Nbs1 and Nbs2) are employed with the aim of reducing the time taken in generating feasible timetables. A FIFO structure of tabu list is used in this search. The length of the tabu list, tl, is calculated as in Landa-Silva and Obit (2008) i.e. tl = rand(10) + δ * nc where:
• rand(10) is a random number between 0 and 10.
• nc is the number of events (in the current timetable) that violate the hard constraints. • δ is a constant which is set to 0.6 This step will terminate after 1000 non-improving iterations.
An electromagnetism-like mechanism
The main idea of an electromagnetic-like mechanism (EM) that was introduced by Birbil and Fang (2003) stems from electromagnetic-like behavior observed within the field of physics, simulating attraction and repulsion of sample points in order to move towards a promising solution. It begins with a population of randomly generated feasible timetables. The method uses an attraction-repulsion mechanism to move a population of timetables toward optimality. Ideally, the algorithm is based on two particles experiencing forces of mutual attraction or repulsion depending on their individual penalty. The strength of the attraction/repulsion is directly proportional to the product of their charges and inversely proportional to the square of the distance between them. Each particle (in this paper, each particle is considered as a timetable) represents a solution and the charge of each particle relates to its solution quality. The better the solution quality of the particle, the higher charge the particle has. Moreover, the electrostatic force between two point charges is directly proportional to the magnitudes of each charge and inversely proportional to the square of the distance between the charges (see Birbil and Fang 2003) . Maenhout and Vanhoucke (2007) presented a novel meta-heuristic technique based on Electromagnetic like mechanism to tackle the nurse scheduling problem. applied EM algorithm to enhance the movement of a scatter search scheduling algorithm. EM also has been applied successfully by for a project scheduling problem. In our problem, the fixed charge of timetable (particle) i is shown as follows:
where:
penalty of the timetable k f (x best ): penalty of the best timetable m:
population size T :
number of timeslots
The solution quality or charge of each individual timetable determines the magnitude of an attraction and repulsion effect in the population. A better solution encourages other particles to converge to attractive valleys while a bad solution discourages particles to move toward this region. These particles move along with the total force and so diversified solutions are generated. The following formulation is the total force, TF on particle i:
The process of evaluating the total force TF, for the course timetabling problem is illustrated in Fig. 2 . As is shown resulting timetables 1, 2 and 3 have penalties 210, 165 and 170 respectively. Because Timetable 1 is worse than Timetable 3 while Timetable 2 is better than Timetable 3, Timetable 1 represents a repulsion force which is F 13 and Timetable 2 encourages Timetable 3 to move to the neighborhood region of Timetable 2 which is an attractive force F 32 . Consequently, incorporating the search technique outlined in the next section, Timetable 3 moves along with total force TF (calculated using the formulas (1) and (2)), to obtain for example Timetable 4.
A Standard great deluge algorithm
The great deluge algorithm was introduced by Dueck (1993) . It is a local search procedure which has certain similarities with simulated annealing by Kirkpatrick et al. (1983) but has been introduced as an alternative. This approach is far less dependent upon parameters than simulated annealing. It needs just two parameters: the amount of computational time that the user wishes to "spend" and an estimate of the quality of solution that a user requires. McMullan and McCollum (2007) proved that the great deluge algorithm is more effective than a simulated annealing algorithm to avoid from being trap in local optima. Apart from accepting a move that improves the solution quality, the great deluge algorithm also accepts a worse solution if the quality of the solution is less than (for the case of minimization) or equal to some given upper boundary value B (in the paper by Dueck it was called a "level"). The "level" is initially set to be the objective function value of the initial solution. During its run, the "level" is iteratively lowered by a constant β where β is a decreasing rate. Examples of research on great deluge algorithms can be found in Burke and Newall (2003) and Petrovic et al. (2007) .
A dynamic force decay rate great deluge based electromagnetic-like mechanism
This algorithm is a combination of two meta-heuristics: (1) electromagnetic-like mechanism and (2) great deluge algorithm. The hybridization is done with the aim of combining the strength of these two algorithms in tackling the two types of course timetabling problem outlined in the previous section. The electromagnetic-like mechanism is used to calculate a total force TF and later will be used within the great deluge algorithm to calculate a decreasing rate. This mechanism enables the great
Step 1:
Initialization: Generate a population of initial solution as Sol i where i = size of the population; Calculate the initial penalty cost, f(Sol i ); Find the best solution among Sol i , called Sol best Set total number of iterations, NumOfIte; Set number of iteration in great deluge algorithm, NumGD (note that NumGD is set to 1000 in our experiments) Set iteration ← 0; Set iterationGD ← 0;
Step 2:
Evaluation: do while (iteration < NumOfIte) for each population i where i = 1 to population size; Calculate total force, TF i , based on electromagnetic-like mechanism;
Set initial level: level ← f(Sol i ); do while (iterationGD < NumGD || f(Sol i ) < level) Apply a dynamic force decay rate great deluge algorithm; end do end for; end do Fig. 3 Generic pseudo-code for the algorithm deluge algorithm to act as a multi-start Great Deluge (GD) in which the initial levels are set based on the forces. The fundamental procedures of the algorithm are initialization and evaluation, the later step involves the calculation of the total force and modification of the timetable. The generic pseudo-code for the algorithm is shown in Fig. 3 .
The pseudo code for our implementation of the force decay rate great deluge algorithm is adapted from Abdullah and Burke (2006) as presented in Fig. 4 .
In Step 1 (see Fig. 3 ), for every population the quality of the solution Sol i is measured, called f (Sol i ). At the start, the best solution among Sol i is set to be Sol best . The initial level is set to be f (Sol i ). In a do-while loop (which is in Step 2, Fig. 3) , for each population the total force, TF i , is calculated based on electromagnetic-like mechanism. Note that, in the following explanation, please refer to Fig. 4 . This value (TF i ) is used to calculate estimated quality, EstimatedQuality, and decay rate, β. A neighborhood structure which randomly assigns courses to a new valid timeslot is applied. This move will generate a new solution, Sol * i . The quality of the new solution is measured, f (Sol * i ). Sol * i will be accepted if f (Sol * i ) is better than the best solution in hand, f (Sol best ), or if f (Sol * i ) is less than or equal to the "level". Then, the "level" will be decreased by the value β. The process is repeated and stops when the termination criteria are met (the termination criteria are described for both types of problem in the next section). 
Experiments and results
The proposed algorithm was programmed using Matlab and simulations were performed on an Intel Pentium 4 2.33 GHz computer and tested on eleven standard benchmark course timetabling problem and twenty one datasets on curriculum-based course timetabling problems. The parameters used were chosen after preliminary experiments. The population size is set to 50, and is comparable to similar experimentation in the literature (Birbil and Fang 2003) .
Post enrollment-based course timetabling problem
The first series of experiments carried out in this section minimize the number of students that has a course scheduled in the last timeslot of the day, a student that has more than 2 consecutive courses and a student that has a single course on a day. The following subsections illustrate two cases of the post-enrollment course timetabling problems i.e. (i) Socha datasets and (ii) ITC2002 datasets.
Socha datasets
The details of these results can also be found in Turabieh et al. (2009) . Termination is based on number of generations, and is initially set at 100,000 iterations. We compare our approach with other algorithms on the eleven timetabling instances. The algorithms compared in the table are described as follows: M1: The genetic algorithm and local search by Abdullah and Turabieh (2008) . They tested a genetic algorithm with a repair function and local search on course timetabling problems. M2: The randomized iterative improvement algorithm by Abdullah et al. (2007a) .
They presented composite neighborhood structures with a randomized iterative improvement algorithm.
M3: The graph hyper heuristic by Burke et al. (2007) . They employed tabu search with graph-based hyper-heuristics for the course and exam timetabling problems. M4: The variable neighborhood search with tabu by Abdullah et al. (2005) . They used a variable neighborhood search based on a random descent local search with Monte-Carlo acceptance criterion. M5: The hybrid evolutionary approach by Abdullah et al. (2007b) . They used a randomized iterative improvement algorithm as a local search with a mutation operator. M6: The extended great deluge by McMullan (2007) . M7: The non linear great deluge by Linda-Silva and Obit (2008) . M8: The local search method by Socha et al. (2002) . M9: The ant algorithm by Socha et al. (2002) . They developed an ant colony optimization algorithm with a construction graph model. M10: The fuzzy algorithm by Asmuni et al. (2005) . They focused on fuzzy based methods in ordering three different heuristics. M11: The evolutionary algorithm by Rossi-Doria et al. (2003) .
The best results out of 5 runs obtained are presented. Table 4 shows the comparison of our results in terms of penalty cost with other available approaches in the literature on eleven instances. The term "x%Inf." in Table 4 indicates a percentage of runs that failed to obtain feasible solutions. The best results are presented in bold. Our algorithm is capable of finding feasible timetables for all cases.
It can be seen that the extended great deluge by McMullan (2007) has better results compared to others, followed by non-linear great deluge by Landa-Silva and Obit (2008) . In general, our approach is able to obtain competitive results with other approaches in the literature. We extended our experiments by increasing the number of iterations (200,000 iterations) with the objective of demonstrating that our algorithm is able to produce good results given extra processing time. We note that in real world situations, course timetabling is an off line problem, and the processing time is usually not critical. The emphasis in this paper is on generating good quality solutions, the price to pay for this is that there may be required an extended amount of computational time. In a real world situation, course timetables are created months before they are required, thus finding a feasible solution is more important than prolonging the search in order to generate good solutions. Table 5 shows the comparison of our approach by prolonging the computational time with best known results in the literature. The average running time for small datasets is 90 seconds, medium datasets is 2 hours and large dataset is 6 hours. The time taken here is considered acceptable based on the complexity of each dataset. We use the same amount of iterations i.e. 200,000 as Landa-Silva and Obit (2008) (note that the authors set a different number of iterations for different groups of datasets) and McMullan (2007) . Note that only medium and large datasets are considered in this extended experiment. The small datasets are not considered here due to the ability of our approach in obtaining global optima in the previous experiment (see Table 4 ).
Again, the best results are presented in bold. Our objective here is to show that our approach is not only able to produce good quality solutions but improves on the best known results on four datasets. The extended experiments are able to improve the solutions between 25% to 54% compared to our previous results. This illustrates the effectiveness of our approach given extra computational time. It is interesting to find that the large dataset obtains the lowest improvement i.e. 25.11% compared Fig. 5 The result of the algorithm applied on medium4 dataset to medium datasets. It can be argued that a higher number of courses, students and room feature requirements (see Table 1 ) would imply that we might have less of and more sparsely distributed solution points (feasible solutions) in our solution space given the hard constraints which must be satisfied. However, our approach shows an impressive improvement for medium datasets in which we believe that there are much more solution points in the solution space even given the same amount of courses (and where the number of students, M, and the requirement of room features, F , are less). This shows that these two parameters (i.e. M and F ) are significant factors that influence the search process in exploring the search space. Figure 5 shows the performance of our approach on the medium4 dataset. This graph demonstrates how the algorithm explores the search space. The x-axis represents the number of iterations whilst the y-axis represents the penalty cost. The curve shows that the algorithm begins with an initial solution and rapidly improves the results in less than 10,000 iterations. It is believed the quality of the solutions obtained in these experiments can be attributed to the ability of the algorithm in effective exploration of different regions of the solution space, applied to 50 different solutions for each iteration. The figure also shows that by prolonging the search process, our approach is able to further improve resultant solutions. However, the longer the search times, the slower the rate of improvement.
ITC2002 datasets
The second experiments on the Post-enrollment course timetabling problems are performed based on ITC2002 datasets where all the hard and soft constraints are same as in Socha datasets. Table 6 shows the comparison of our final results in terms of penalty cost (out of 5 runs) compared to other recent published results taken from Chiarandini et al. (2006) . The execution time is based on ITC2002 rules i.e. 547 seconds for each instance. From Table 6 , we can see that our approach is able to obtain feasible solutions for all datasets. We obtained better results on 13 instances than the official winner in ITC2002, and ties on one instance with the best known result (i.e. instance 11). Figure 6 shows the performance of our approach on instance 11. The x-axis represents the number of iterations whilst the y-axis represents the penalty cost. Again, this graph represents how the algorithm explores the search space. The analysis of the graph shows that there is a trend of the cost improvement as the number of generation increases. The slope of the curve indicates a small decrease in the penalty cost as the number of generation increases. It offers a high improvement at the early stage of the search space. The second series of experiments in this section deals with room capacity, minimum working days, isolated lectures and room stability as stated in Sect. 2.2. The following subsections illustrate two cases of the Curriculum-based Course Timetabling Problem; Basic Formulation (UD1) and ITC2007 Formulation (UD2).
Basic formulation (UD1)
The Basic formulation of the Curriculum-based Course Timetabling Problem was released in 2006 by Gaspero et al. (2007) , in which all hard constraints and three out of four soft constraints i.e. S1, S2 and S3 (see Sect. 2.2) are considered. Table 7 shows the results obtained and the comparison with best known solutions.
The termination condition for each run is set to 600 seconds which is based on the time allocated in the ITC2007.
The best results, average and standard deviation out of 10 runs are shown in Table 7 with varying random seeds. From Table 7 , we can see that our approach is able to obtain better or equal results on eight instances compared to best known results in the literature. Figure 7 shows the box plot of the penalty cost on some of the instances considered in this experiment. The results from the figures show less dispersions of solution points.
ITC2007 formulation (UD2)
The second experiments on Curriculum-based Course Timetabling Problem are performed based on ITC2007 constraints: all hard and soft constraints are considered (see Sect. 2.2). Table 6 shows the comparison of our final results in terms of penalty cost compared to other recent published results in literature. Each run takes 600 seconds for both construction and improvement phases based on our machine hardware (as mentioned in Sect. 4) to make a reasonable comparison between other results. The algorithms under comparison in the table comprise experiments tested during the ITC2007 and other experiments under a greater computational time, and are described as follows: Again, the best results out of 5 runs obtained are presented. Table 8 shows the comparison of our results in terms of penalty cost with other available approaches in the literature on twenty one instances. Note that the shaded areas represent results from ITC2007. Other results were obtained under a different number of trials but same computational time. The term "-" in Table 8 indicates that the instances have not been attempted in the experiment. The best results are presented in bold.
From Table 8 , we can see that our approach is able to obtain better or equal results on four instances compared to best known results in the literature. In all of the cases, our approach is better than Clark et al. (2008) , and Geiger (2008) (equal on comp01 and comp11), better than Atsuta et al. (2007) (equal on comp01, comp04 and comp11) and Müller (2009) (equal on comp01 and comp11) on seventeen instances, and better than Lü and Hao (2010) on fifteen instances (also equal on comp01 and comp11). Figure 8 shows the box plot of the penalty cost on some of the instances considered in this experiment. The results from the figures show less dispersions of solution points. Additional experiments have been carried out to test the performance of our approach on additional instances coded as DDS1-DDS7, Test1-Test4 and Toy. The details of these instances such as the data sets, solution checker, portfolio of formulations for the curriculum-based course timetabling, and other solutions contributed from the research community can be found at http://tabu.diegm.uniud.it/ctt/index.php. The results from Table 9 show that our approach is able to obtain optimal solutions on DDS2-DDS7 instances and able to beat best known results on the Test3 instance.
We believe that introducing a dynamic force value that is iteratively calculated using EM algorithm (treated as a decreasing rate) helps the great deluge algorithm in accepting or rejecting a new solution during the search process, rather than using a fixed decreasing value as originally proposed in the standard great deluge algorithm. It also helps the great deluge algorithm to control the estimated value rather than manually set (as in standard great deluge). This mechanism helps the search process to explore more points in different directions. This can increase the possibility of obtaining improved solutions.
Conclusion
This paper presents a force decay rate great deluge based electromagnetism-like mechanism to solve the course timetabling problems, where a force calculated from the electromagnetic-like mechanism is applied as a decreasing rate to be used within the great deluge algorithm. To our knowledge, this is the first such algorithm aimed at this problem domain. In order to test the performance of our approach, experiments are carried out based on enrollment-based and curriculum-based benchmark problems and compared with state-of-the-art methods from the literature. The experimental results show that the proposed approach is competitive and works comparatively well across all problem instances in comparison with other approaches studied in the literature. The fact that the approach provides good solutions to two different models of the UCTP points to the generality of the approach. With the help of the dynamic force value, it is clear that our approach is effective in finding (near) optimal solutions for the course timetabling problem and hence can act as one of the powerful tools in solving difficult problems within this domain.
